Purpose: The purpose of this study was to identify patient characteristics that may be risk factors or markers of susceptibility to adverse treatment effects in cancer Phase I and II clinical trials.
INTRODUCTION
Clinical trials of new anticancer therapies are essential tools in the search for more effective cancer treatment. Cancer clinical trials typically proceed through distinct phases. The major objective in Phase I trials is to identify an optimal dose for subsequent Phase II and III studies, in which the main goal is an evaluation of treatment efficacy. The dose for Phase II trials is typically defined in terms of iatrogenic adverse events observed in Phase I and represents the dose expected to induce unacceptable toxicity in a specified fraction of patients. Generally, the Phase II dose is determined on the basis of data from a relatively limited number of patients. Other than the extent of prior treatment, the Phase II dose does not take into account identifiable patient differences that could affect treatment tolerance. That is, the Phase II dose is not adjusted on the basis of measurable patient characteristics that may be predictive of adverse responses to treatment.
Several studies have examined data retrospectively from early phase clinical trials to assess treatment response rates or evaluate the adequacy of conventional methods for designing clinical trials. For example, Decoster et al. (1) summarized the antitumor activity and toxic deaths reported in single-agent Phase I trials using cytotoxic compounds published between 1972 and 1987, whereas Dillman and Koziol (2) reviewed the objective response rates in Phase I trials involving 6447 patients. Smith et al. (3) analyzed the data from all published Phase I trials conducted at the M. D. Anderson Cancer Center from 1991 to 1993 to assess the adequacy of using the standard modified Fibonacci method to determine the dose recommended for Phase II study. Each of these studies concluded that there was a need for alternative and improved methods of designing, conducting, and interpreting Phase I clinical trials. This overall conclusion was supported by Eisenhauer et al. (4) .
Various studies have examined prognostic factors for survival as an end point in early phase cancer clinical trials. For example, Yamamoto et al. (5) examined the survival of 82 lung cancer patients treated in Phase I trials at the Japan National Cancer Center Hospital between 1987 and 1993. Their multivariable survival analysis identified performance status Ͼ 1, weight loss Ͼ 10%, and number of metastatic sites Ͼ 1 as risk factors. Similarly, using data from 154 Phase I patients treated at Centre Leon Berard (Lyon, France), Bachelot et al. (6) identified performance status 2 or 3 (P Ͻ 0.001) and lactate dehydrogenase levels greater than 600 IU (P Ͻ 0.001) as independent predictors of overall survival. These studies demonstrate that subgroups with different survival expectancy may be identified among patients who participate in cancer Phase I clinical trials.
Unlike survival and antitumor activity, we found no systematic study of prognostic factors for the end point of toxicity.
The aim of the present study was to identify readily available patient characteristics that may constitute risk factors or markers of susceptibility to adverse treatment effects in cancer Phase I and II clinical trials. Because the factors considered in this study can be observed before treatment, they may form the foundation for customized dosing regimens wherein drug doses are adjusted according to individual patient susceptibilities.
PATIENTS AND METHODS
Patient Population. A total of 459 patients enrolled in 23 Fox Chase Cancer Center therapeutic Phase I and II studies during the time period 1991-1999 were included in the analysis. The Fox Chase Cancer Center Research Review Committee and Institutional Review Board approved each study. Before screening and protocol enrollment, each patient provided written informed consent. In general, normal or near normal renal and hepatic function were required for these early clinical trials, although the specific criteria varied.
Data Extraction. Patient-specific characteristics, medical and treatment history, doses of the experimental agents, and toxicities were extracted from case report forms and entered into an Excel spreadsheet. For each trial, the current version of the National Cancer Institute Common Toxicity Criteria (CTC) were utilized to grade all toxicities, and the type and grade of worst toxicity experienced by each patient were recorded. The toxicities for this analysis were considered definitely, probably, or possibly related to treatment.
Covariates. The following patient-specific factors were considered as candidate predictors of adverse treatment response, each determined at or before treatment onset: gender; age at treatment onset; age at diagnosis; stage at diagnosis; Eastern Cooperative Oncology Group performance status; weight (kg) at treatment onset; body surface area; serum total bilirubin (mg/dl); albumin (g/dl); alkaline phosphatase (units/ liter); aspartate aminotransferase (units/liter); alanine aminotransferase (units/liter); serum creatinine (mg/dl); disease site and type; prior chemotherapy; cumulative radiation to bone marrow; and binary indicators for recent weight loss (i.e., Ն10% loss) or anorexia; alcohol use; tobacco use; or history of cardiovascular disease. In addition to these patient-specific factors, the following were included in the model as covariates: the phase (Phase I, II, I/II) of investigation; and the dose of each experimental agent, expressed either in mg, mg/m 2 , mg/kg, or area under the curve (AUC).
Toxicity. Toxicity data are presented for each subject as a set of treatment-attributable adverse events, each graded (0, 1, 2, 3, or 4) according to National Cancer Institute CTC. The term "toxicity profile" will be used to refer to the collection of all graded toxicities observed for an individual patient. To include all trials in the same analysis, we adopted a common definition of dose-limiting toxicity (DLT) that was consistent with the definitions of DLT used in the individual trials. Specifically, DLT was defined as occurring whenever any one of the following was manifested: grade 4 hematological toxicity (grade 4 neutropenia or thrombocytopenia of any duration); or a grade 3 or 4 nonhematological toxicity (excluding nausea, vomiting, and alopecia); and febrile neutropenia (grade 3 or 4).
To identify risk factors and other pretrial characteristics of interest, we considered several ways of summarizing the toxicity profile of a given patient into a single measure of overall severity. Simple measures might include a binary indicator of DLT and the maximum toxicity grade experienced by the patient. Although easy to interpret and compute, these measures lack the ability to discriminate between patients on the basis of their overall toxicity profiles. For example, a subject experiencing five distinct grade 3 nonhematological toxicities has the same toxicity score, with respect to either measure, as one with a single grade 3 nonhematological toxicity. Consequently, we developed a new summary measure that takes into account all observed toxicity grades rather than just the most severe one. The summary measure, which we refer to as the toxicity index (TI), is computed according to the following algorithm: let the toxicity grades in a subject's toxicity profile be represented in descending order by the sequence X 1 Ն X 2 Ն . . . Ն X n . Calculate the subject's TI score as the weighted sum of the ordered toxicity grades: TI ϭ ¥ iϭ1 n w i X i , where the weights are given by
Specifically, the TI is calculated as
For example, a subject exhibiting 2 grade 3 toxicities will have a score of TI ϭ 3 ϩ 3/4 ϭ 3.75, whereas a subject with one grade 3 and ten grade 2 toxicities will have a score of TI ϭ 3 ϩ 2/4 ϩ 2/(3 ⅐ 4) ϩ 2/(3 2 ⅐ 4) ϩ . . . ϩ 2/(3 9 ⅐ 4) Ϸ 3.74999. The TI can be generalized to accommodate the differential impact of various toxicities by applying relative weights or appropriate transformations to the CTC graded toxicities before the application of the algorithm to compute the TI. For example, we considered grade 3 neutropenia, leukopenia, and anemia non-dose-limiting, and we re-coded these as the observed CTC grade minus 1 (to a minimum of 0 if no toxicity was present). Thus, uncomplicated grade 3 neutropenia was downgraded to a score of 2. This ad hoc adjustment is consistent with the convention in Phase I trials of not considering uncomplicated grade 3 neutropenia as a DLT. It allows all grade 3 nonhematological toxicity, but not grade 3 (actual grade) hematological toxicity other than thrombocytopenia, to be considered a DLT. In this way, the TI conveys the information provided by the binary indicator of DLT while also permitting two patients who both do or do not express DLT to be distinguishable if they have different overall toxicity profiles. By design, the TI has several properties of interest.
1. Any score greater than or equal to 3 corresponds to the DLT definition given above, and the maximum toxicity grade is the integer part of the final score. For example, a TI ϭ 3.0 indicates a single grade 3 toxicity, whereas a score of 3.5 indicates that the patient experienced at least one grade 3 toxicity plus additional toxicity. Hence, the TI preserves the highest toxicity grade used to define DLT. 2. All toxicity grades are taken into account, although lower grades will tend to contribute less to the final score. 3. The score is a number between 0 and 5. 4. A large number of toxicities of the same grade will generate a TI score just slightly less than that generated by a single toxicity of the next higher grade.
Statistical Analysis. Mixed model ANOVA was used to model the TI using data from all trials involving a specific agent. The model to predict the TI included the dose of agent received by each patient as a covariate and trial institutional review board number as a random classification variable (to adjust for systematic differences between different clinical trials using the same agent). Generalized estimating equations in the context of binary logistic regression were used to model DLT. Because patients in any single trial were similar in terms of treatmentrelated factors such as infusion time, mode of administration, and general dose range, a variable (protocol identifier) was created to distinguish this group or cluster of patients from those participating in other trials. The inclusion of this variable as a classification factor in the analysis permitted an adjustment for factors that changed from trial to trial but exhibited negligible variation within a single trial. Similarly, a variable was created to distinguish between Phase I and Phase II patients. Together with dose, the indicators of study phase (Phase I versus II) and protocol (institutional review board number) were included in the model as covariates, with dose and phase as fixed effects and protocol as a random effect. Backward variable selection was performed to identify a subset of covariates that best predicts toxic response (i.e., TI and DLT) to each agent. A covariate was selected as a significant predictor if its comparison-wise P from the mixed model analysis was less than 0.05. Type III sum of squares were used for hypothesis testing. The adequacy of the fitted model was assessed with diagnostic procedures. Residual plots and normal probability plots of residuals were used.
RESULTS
The characteristics of the 459 patients included in the analysis are summarized in Tables 1 and 2 . The median age was 62 years (range, 27-84 years). The analysis of toxicity was restricted to agents for which there was adequate toxicity data, i.e., more than 30 patients treated with each drug. As reflects Phase I and early Phase II clinical trial populations, the baseline renal and hepatic functions were either normal or minimally abnormal, i.e., considered as grade 0 -1 elevations by the NIH CTC versions 1.0 and 2.0, and performance status was usually 0 -1 on the Eastern Cooperative Oncology Group scale. The agents used most frequently were paclitaxel, carboplatin, and estramustine, consistent with the diseases treated most often on Phase I and II trials at our institution (non-small cell lung, prostate, head and neck, and ovarian cancer).
We first determined which dose expression for each agent (mg, mg/m 2 , mg/kg, or AUC) was the best predictor of the two toxicity end points, TI (as a continuous variable) and DLT (as a binary variable). The two-sided P values of each expression are reported in Table 3 . These values indicate the strength of association of either DLT or TI with drug dose as a single variable. Although there were some differences in correlation for each of the expressions of dose with the two toxicity end points (e.g., for tipifamib), these differences were usually small. This univariate analysis showed that carboplatin and docetaxel doses were not strongly associated with either DLT or TI, whereas associations of drug dose with either DLT, TI, or both were found for each of the other agents. Expressions shown in bold in Table 3 were chosen as the units of drug dose for the subsequent analyses of covariates. Table 4 shows the association of toxicity with those covariates observed to be significant predictors of toxic response to at least one agent. For each covariate, P values from the mixed model analyses and from generalized estimating equation analyses are presented. These P values assess the effect of each covariate when considered individually and adjusted for drug dose. Covariate P values significant at a comparisonwise 5% level have been set in bold in Table 4 , as illustrated for docetaxel, where pretreatment alkaline phosphatase and total bilirubin were both significantly correlated with TI, and alkaline phosphatase was also correlated with occurrence of DLT. For all of the drugs studied, the DLT and TI analyses yielded a total of 17 potential covariates of toxicity. DLT alone as a measure of toxic response identified nine potential covariates, of which three were not identified by the TI. By contrast, the TI identified 14 potential covariates, including 7 not identified by considering only DLT. Based on these results, all the individually significant covariates for either TI or DLT were included in each agent's model, adjusted for phase of trial and dose expression. This final analysis, with the results summarized in Table 5 , selected the "best subset" of covariates for each agent. P values of the predictors significant at a comparisonwise 5% level are shown in bold in Table 5 . It is worth noting that for every agent considered, at least one pretreatment patient-specific characteristic was found to be a significant predictor of treatment toxic response. The adequacy of the fitted model was assessed with diagnostic procedures (residual plots and normal probability plots of residuals), and the diagnostic tools indicated that the underlying model assumptions were valid.
We found that dose did not correlate significantly with TI or DLT for carboplatin, tomudex, or docetaxel, whereas patient pretreatment total bilirubin and alkaline phosphatase correlated with DLT, TI, or both for all three agents. Alkaline phosphatase also correlated with TI for cisplatin, estramustine, and tipifarnib (R115777). The TI identified performance status as a predictor of toxicity, but not DLT, for paclitaxel and estramustine. Other factors predictive of DLT or TI were weight loss (for paclitaxel), creatinine (for the combination of tomudex and irinotecan), and tobacco use, which correlated with TI and DLT after treatment with irinotecan and tomudex. Interestingly, the correlation of total bilirubin with TI for docetaxel occurred over the normal range of serum bilirubin values, not just values above the upper limit of normal (Fig. 1) .
Figs. 1 and 2 show, for selected agents, scatter plots of TI in the ordinates by selected significant predictors in the abscissas. For each set of pairs of observations from a given trial, an ellipse was drawn to enclose 95% of the distribution (95% quantile) under the assumption of a bivariate normal distribution. The shape of the ellipse depends on the correlation coefficient between TI and the specific patient characteristic. In each case, the major axis of the ellipse has a positive slope, indicating that higher levels of the relevant covariate were associated with more severe toxicity, and the ellipse was relatively broad, indicating that the association was only moderate in strength (approximately 25% of the variance in TI was explained by each covariate).
DISCUSSION
The basis for the variable toxicity experienced by patients in clinical trials of chemotherapeutic agents is largely unknown. Conventional approaches to Phase I trial design assume minimal interindividual pharmacokinetic and pharmacodynamic variability and assume that drug dose will be a significant determinant of toxicity. A uniform study population for Phase I trials is sought by selecting patients with normal organ function, good performance status, and minimal prior treatment. However, there are many other potential determinants of toxicity, just as there are unknown determinants of antitumor effect for most chemotherapeutic agents. Both genetic (e.g., CYP450 profile) and environmental factors (e.g., hepatic and renal function) are likely to appear in a more complex, but realistic, predictive model of host toxic response to chemotherapy.
The goal of this systematic toxicity analysis was to gener- ate hypothesis for the investigation of factors predictive of chemotherapy toxic response. Our intention was not to validate each hypothesis but to generate hypotheses that may be tested prospectively in subsequent clinical trials. Clinical experience provides the basis to decide which, if any, findings might be worthy of further investigation. Because we provide an assessment of the impact of statistically significant covariates on the probability of toxic response (Table 5 ), clinical investigators should be able to focus their attention on those factors observed to influence treatment susceptibility to a clinically relevant degree. This will not reduce the number of false or clinically misleading positives, but it will at least reduce the number of covariates that must be considered in subsequent confirmation trials to those that the present data suggest are influential.
Caution must be exercised when comparing results obtained for TI and DLT because different underlying analyses were performed (mixed model ANOVA versus generalized estimating equations). However, the TI appeared to be more sensitive than the presence or absence of DLT (usually defined as a single grade 3-4 toxicity) alone to uncover pretreatment factors predictive of toxicity in the sense that more predictors were identified by the TI compared with DLT (14 versus 9). Although the role of each of these potential toxicity predictors requires validation in an independent sample, our results suggest that the TI may be a valuable tool to identify potential predictors of toxicity. The TI differs from DLT by including all toxicities and all grades of toxicity. In most Phase I studies, a single grade 3 or 4 toxicity such as stomatitis or creatinine elevation would constitute DLT and would not be distinguished from two or more toxicities in the same patient for the purpose of dose-finding. By contrast, the TI includes both of these adverse events and assigns a higher score to the occurrence of two or more grade 3 toxicities as compared to only one grade 3 toxicity in a single patient. The TI also captures grade 1 and 2 toxicities, so that a patient with grade 2 stomatitis, grade 2 creatinine elevation, and grade 4 thrombocytopenia has a higher TI than one with only the latter two toxicities (TI of 3.67 versus 3.5).
Although grade 1 and 2 toxicity is usually not considered "dose-limiting" in the context of dose-finding for drug development, these adverse events reflect tissue damage and make long-term treatment difficult for many patients, particularly when multiple toxicities occur simultaneously. The TI weights grade 1 and 2 toxicity in proportion to the more severe grades, so that a patient with two grade 2 toxicities has a TI lower than that of a patient with a single grade 3 toxicity but a higher TI than that of a patient with only a single grade 2 toxicity (TIs of 2.67 versus 3.0 versus 2.0). Thus, the TI is consistent with the notion that both number and grade of toxicities are important and that multiple toxicities are likely to affect a patient to a greater extent than one toxicity. The TI describes a continuous range of toxic responses over which to establish correlation with patient characteristics. Like all summary measures, the major limitation of the TI is loss of relation to the individual components, that is, the individual toxicities and their grades.
We confirm previously reported correlations of hepatic function with toxicity of irinotecan and docetaxel (7) (8) (9) . For both agents, dose modification has been recommended for total bilirubin or transaminase levels elevated above the normal range (7, 8, 10 ), although precise rules have not been established. We detected greater toxicity of both agents with higher levels of bilirubin (docetaxel) or alkaline phosphatase (docetaxel and irinotecan), even for values within the normal range. The reason for greater TI in patients with normal or minimally elevated bilirubin is uncertain but could reflect alteration of pharmacokinetics response, pharmacodynamics, or both effects. Slight elevations of serum bilirubin and transaminase levels can signal underlying impairment of hepatic function sufficient to reduce drug metabolism and clearance. Alternatively, higher bilirubin or transaminase levels within the normal range could be markers of genetic variation, with reduced hepatic metabolic or excretory capacity leading to greater systemic exposure (AUC) and toxicity for a given dose. Supporting this possibility are the data of Yamamoto et al. (5) , who found independent correlation of docetaxel clearance with cytochrome P4503A4 activity, serum levels of ␣-1 acid glycoprotein, and baseline transaminase activity in patients with normal total bilirubin and hepatic transaminase levels. Like docetaxel, elevated bilirubin or transaminase levels correlate with reduced clearance of paclitaxel and paclitaxel metabolites, increased AUC, and greater toxic effects (11) . However, unlike docetaxel, alkaline phosphatase, total bilirubin, and transaminase values within the normal range failed to predict toxicity of paclitaxel in our population.
Phase I studies assume that dose is the significant determinant of toxicity. Our analysis of multiple Phase I and early Phase II trials reveals that dose is not always a significant predictor of toxicity. Even with conventional patient selection criteria that included the requirement for normal or near-normal hepatic and renal function, patient characteristics had greater predictive value than dose for the toxicity for several agents (Table 5) . Thus, the current eligibility criteria for most Phase I and II trials do not provide populations that are uniform enough to conclude that differences in toxic response are primarily dose-related. Because selecting more homogenous populations is not practical, individual variability should be considered by using statistical designs other than the typical "3ϩ3" Phase I algorithm, which fails to account for covariates.
None of the methods used for calculating drug dose [by body surface area (mg/m 2 ), by weight (mg/kg), or uncorrected for weight or surface area (fixed mg dose)] was consistently the best toxicity predictor for all selected agents. This is consistent with the lack of correlation of pharmacokinetic parameters of most cytotoxic agents with body surface area or other measures of body size (12) . The observation that the TI and the occurrence of DLT both correlate poorly with the method of dose calculation further indicts the reflexive use of body surface area-based dosing of new agents in early clinical trials.
A retrospective analysis such as ours has several limitations. These include variability in the criteria used to grade toxicity and definition of DLT and lack of a validation group. This underscores the preliminary nature of this analysis and its intended use as a tool to generate hypotheses. Also, the results of this analysis may not apply to later cycles of therapy and the emergence of late or cumulative toxicities (e.g., neurotoxicity) with continued treatment. However, the same methodology may be applied to investigate predictors of chronic or multiple cycle toxicity. Another limitation of our analysis is the relatively small numbers of patients studied for several of the agents. Other potential predictors of toxic response may emerge as we apply our analysis to a larger base of patients.
In summary, we have found that patient characteristics compete with dose as predictors of the toxic response to several chemotherapeutic agents. Furthermore, pretreatment characteristics, even within the normal range, may be predictors of treatment toxicity. We propose a new summary measure, the TI, for identifying predictors of toxicity. Because of its greater dynamic range, the TI may prove to be a more sensitive tool than DLT alone. Toward the goal of individualizing therapy for cancer patients, prospective studies to validate the covariates identified by the TI are under way.
